Abstract -Epilepsy is a neurological condition, which affects the nervous system. Automatic seizure detection is very important in clinical practice and has to be achieved by analyzing the Electroencephalogram (EEG). Seizures are the clinical manifestations of excessive and hypersynchronous activity of the neurons in the cerebral cortex and represent one of the most frequent malfunctions of the human central nervous system. Therefore, the search for precursors and predictors of a seizure in the human EEG is of utmost clinical relevance and may even lead to a deeper understanding of the seizure generating mechanisms.
I. INTRODUCTION
The brain is a highly complex system. Understanding the behavior and dynamics of billions of interconnected neurons from the brain signal requires knowledge of several signal processing techniques, from the linear and nonlinear domains, and its correlation to the physiological events.
Epilepsy is a recurrent paroxysmal disorder of cerebral function characterized by sudden, brief attacks of altered consciousness, motor activity, sensory phenomena, or inappropriate behavior caused by abnormal excessive discharge of cortical neurons. There are at least twenty distinct types of seizures known. Each is caused by an excess of electrical activity in some area of the brain. Epilepsy is one of the most common serious disorders of the brain, affecting about 50 million people worldwide [1] . Epilepsy accounts for 1% of the global burden of disease; 80% of the burden of epilepsy is in the developing world.
Most seizures are very brief and are rarely life threatening. However, the recurrent and sudden incidence of seizures can lead to dangerous and possibly life-threatening situations [2] . Since disturbance of consciousness and sudden loss of motor control often occur without any warning, the ability to predict epileptic seizures would reduce patients' anxiety, thus improving quality of life and safety considerably. Epilepsy surgery outcome strongly depends on the localization of epileptic focus. The analysis of ictal EEG (scalp or intracranial) is a gold standard for definition of localization of epileptic focus. The majority of the research devoted to automated detection of epileptic events concentrates around spike detection techniques. These studies essentially differ in how they characterize epileptic spikes and waves. While some focus on features like amplitude, width and slope, others integrate this information with the state of EEG and build expert systems [3] . Some studies, on the other hand, describe epileptic spikes and waves in terms of the information obtained by Fourier Transformation (FT) [4] or Wavelet Transformation [5] . Complex structure of epilepsy has also often attempted to be explained by nonlinear dynamics characterizing brain activity [6] .
To investigate the time-varying spectral characteristics of the underlying process, most of the methods often begin by computing the time variation of the common statistical properties of the process [7] [8] . However, these methods all assumed that piecewise first-order or second-order stationarity is satisfied for each segment of the observation after segmentation. In practice, many medical signals show significant nonlinear and non-Gaussian characteristics, such as the presence of nonlinear effects of phase coupling among the signal frequency components [9] [10] . The methods based on spectral analysis fail to properly deal with the nonlinearity and non-Gaussianility of the processes, but HOS allows us to effectively process these kinds of signals to obtain their higher-order statistics. Bispectral estimation has been shown to be a very useful tool for extracting the degree of quadratic phase coupling (QPC) between individual frequency components of the process. This paper uses the EEG signal as the base signal to study the characteristics of Epileptic seizures using higher order spectra. Here we have used the different HOS parameters namely, bichorence patterns and entropies to study and investigate the normal, background and epileptic EEG signals. We extracted these features from the HOS and performed an Analysis of Variance (ANOVA) test. These features give excellent p-values under ANOVA test.
The layout of the paper is as follows: Section II presents briefly the data acquisition and sample EEGs. III. The HOS parameters used. The results and performance is discussed in section IV. Finally the paper concludes in section V.
II.
DATA ACQUISTION
The EEG data for the present study was obtained from the EEG database available from Bonn University [11] . Three sets (normal, pre-ictal (background) and epileptic), each containing 100 single channel EEG segments of 23.6-sec duration, were used for the study. All EEG signals were recorded with the same 128-channel amplifier system, digitized with a sampling rate of 173.61 Hz and 12 bit A/D resolution. The data was filtered using a band pass filter with settings 0.53~40Hz (12 dB/octave). Sample recordings of normal, background and epileptic EEG are given in Figure 1 . More details of the database can be found in [12] .
Figure 1 Sample normal, pre-ictal and epileptic EEGs III. HIGHER ORDER SPECTRAL FEATURES
In this work, the EEG signal is analyzed using different higher order spectra (also known as polyspectra) that are spectral representations of higher order moments or cumulants of a signal. In particular, this paper studies features related to the third order statistics of the signal, namely the bispectrum. The Bispectrum is the Fourier Transform of the third order correlation of the signal and is given by B(f 1 ,f 2 ) = E[X(f 1 )X(f 2 )X*(f 1 +f 2 )] (1) where X(f) is the Fourier transform of the signal x(nT) and E[.] stands for the expectation operation. In practice, the expectation operation is replaced by an estimate that is an average over an ensemble of realizations of a random signal. For deterministic signals, the relationship holds without an expectation operation with the third order correlation being a time-average. For deterministic sampled signals, X(f) is the discrete-time Fourier transform (DFT) and in practice is computed at frequency samples using the fast Fourier transform(FFT algorithm). The frequency f may be normalized by the Nyquist frequency to be between 0 and 1. The bispectrum is a complex-valued function of two frequencies. The magnitude of the bispectrum may be normalized (by power spectra at component frequencies) such that it has a value between 0 and 1, and indicates the degree of phase coupling between frequency components [13] . In this study normalized bispectrum by Haubrich [14] was used to analyse the EEGs. Its formula is given by
where is the power spectrum.
Bicoherence, , is defined as the squaredmagnitude of the above normalized bispectrum.
In order to differentiate the characteristics of these EEGs, a set of features are based on the work in [15] . These features are the mean magnitude and the phase entropy. However, unlike their work, we calculated these features within the region defined in figure 2 . The formulae of these features are
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L is the no of point within the region Ω in figure 2 , φ refers to the phase angle of the bispectrum,
The bispectral phase is quantized and a histogram is computed as an estimate of the probability density function of the phase. The entropy used is the Shannon entropy [16] . The mean magnitude of the bispectrum can be useful in discriminating between processes with similar power spectra but different third order statistics. However, it is sensitive to amplitude changes. Normalization can easily take care of such variation. The phase entropy would be zero if the process were harmonic and perfectly periodic and predictable. As the process becomes more random, the entropy increases. Unlike, Fourier phase, the bispectral phase does not change with a time shift.
In this work, in our attempt to characterize the regularity or irregularity of the EEG from bispectrum plots, we have defined two additional bispectral entropies similar to that of Spectral entropy [17] . The formulae for these bispectral entropies are given as: Normalized Bispectral Entropy(BE1):
where
The normalization in the equations above ensures that entropy is calculated for a parameter that lies between 0 and − n n n p p log 1 (as required of a probability) and hence the entropies (P 1 and P 2 ) computed are also between 0 and 1.
Blocks of 1024 samples, corresponding to 5.95 seconds at the given sampling rate were used for computing the bispectrum and bicoherence. The bispectrum was computed using an indirect estimate as the Fourier transform of an estimate of the third cumulant of the time series using the higher order spectral analysis toolbox [18] . The mean value is removed from each block and a Hanning window is used. The default overlap of 50% between blocks was used and the estimate averages in the correlation domain over all blocks. The bicoherence was computed using the direct FFT method in the toolbox. In the direct method, the bispectrum is estimated as an averaged biperiodogram, as in equation (1), and normalized by the power spectral values, as in equation (2). Table 1 Result of various HOS based parameters for normal, background and seizure EEG signals.
The cluster plots based on the P 1 , P 2 and bispectrum amplitude for these three types of EEG were presented in figure 6 . From this figure, it can be observed features P 1 and P 2 are able to differentiate the two classes background and normal EEGs. However, additional feature mean amplitude will be required to differentiate among the three classes normal, background and epileptic EEGs. V. CONCLUSION Epilepsy is a brain disorder in which clusters of nerve cells, or neurons, in the brain sometimes signal abnormally Epilepsy may develop because of an abnormality in brain wiring, an imbalance of nerve signaling chemicals called neurotransmitters, or some combination of these factors. In this work, we have proposed and examined a set of HOS parameters for classifying between normal, background and epileptic EEG signals. The ANOVA test on these parameters has shown to be promising with p-value less than 0.05. The authors are currently working on classification of EEG signal segments with these parameters. 
